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ABSTRACT 

Artificial intelligence is increasing the ability to monitor, analyse, and operate horticultural production offering opportunities 

in crop monitoring, resource allocation, and production efficiency. However, predictive performance in controlled 

experimental settings may not lead to reliable agronomic results or valuable into practice. This review examines three 

interconnected questions in the walk of transition from algorithmic development to operations: if intelligent systems are 

resilient in the face of varied production conditions, if knowledge and learning transfer effectively across crops and 

environments, and if model outputs provide defensible information management. Research examples of disease diagnostic, 

orchard monitoring, greenhouse control, and robotic harvesting enable us to put advances in context by considering current 

capabilities, methodological limits and practical adoption. There is also a focus on dataset representativeness, independent 

validation, environmental variability, uncertainty estimation and agronomic knowledge integration into decision processes. 

We outline a reproducible framework for the following bibliometric and systematic analysis, openly describing methods of 

literature search, study selection, evidence extraction and critical appraisal without claiming an actual database census. What 

is more important than individual metrics of predictive accuracy is that the predictor can meet a number of practical readiness 

requirements: consistent performance in all relevant settings, explicit communication of uncertainty of estimates, biological 

constraints, operational constraints and demonstrated benefits for growers. Future research should focus on transferable 

learning, field testing designs to avoid bias, clarity in its advice and comparing with current practices. Ultimately, the real test 

of progress in horticultural artificial intelligence is reliable decisions and tangible gains in productivity, resource efficiency 

and operational feasibility. 

 

KEYWORDS: Artificial intelligence; horticultural production; cross-crop transfer learning; independent validation; 

uncertainty estimation; decision support; operational readiness. 

 

1. INTRODUCTION 

Precision horticulture seeks to match management with variation among plants, production zones, and developmental stages. 

Its importance is due to the biological and commercial diversity of fruits, vegetables, flowers, and nursery crops. In one 

enterprise, differences in canopy architecture, irrigation demand, harvest maturity, and market specifications can call for 

separate platforms (Baiardi et al., 2026). Artificial intelligence can integrate observations made by cameras, environmental 

sensors, and production records into decision-making. But the objective of interest is often not prediction alone. The growers 

have to choose when to irrigate, where to search, which fruits to harvest, and whether intervention costs are worthwhile. 

Consequently, evaluating horticultural intelligence requires attention to the complete pathway linking measurement, 

interpretation, action, and consequences under the conditions of commercial production (Chaudhary et al., 2025). 

Horticulture is more complicated than ordinary similar year entry fields of crops. Below are perennial orchard fruits that 
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provide maintenance of pruning effects, rootstock choice, previous crop load, and accumulated stress, year to year. Vegetable 

production involves repeated harvests, rapid developmental changes, and strong quality response to lack of water or nutrient 

availability. Protected cultivation presents a more controlled environment but introduces coupled decisions about heating, 

ventilation, lighting, carbon dioxide, and fertigation (Chen et al., 2025). Ornaments typically have different species diversity 

aesthetic grades of the range of standardized targets are more complicated. The differences make treating horticulture as a 

single predictive problem very difficult. A transferable analytical approach must be able to determine which processes can be 

shared, and which necessarily involve crop knowledge, local calibration, or a completely different management objective 

(Scalisi et al., 2024). 

 

 
 

Figure 1. Integration of Artificial Intelligence and Smart Technologies in Precision Horticulture 

 

This review is structured around three dimensions. Field validation is whether the method works in a realistic production 

setting, meaning: representative plants, environments, operators and equipment. Cross-crop generalizability is whether the 

knowledge gained is still relevant when the target crop is switched, especially if the biology and management practices of 

that metabolization differ from those represented during development (Hossen et al., 2025). Decision-support readiness is 

whether the resulting knowledge facilitates a timely, possible, and responsible action. These dimensions can be intertwined 

yet they can't replace each other. Outdoor performances may stay good for one trait but not across against other traits. The 

adaptable model may be unsuitable for prevention. A realistic advisory may work by using baseline models demonstrated on 

solid agronomy, reliable infrastructure, and suitable human management (Benfenati et al., 2025). 

 

2. REVIEW SCOPE AND METHODOLOGICAL FOUNDATION 

2.1. Research Questions and Manuscript Status 

The review discusses research trends where artificial intelligence meets horticultural production for readying for move from 

technical demonstration to management use. Its guiding questions revolve around the focus of research attention, the validity 

of validation, the strength of transfer assertions, end-user operating conditions and when a technology is ready to be launched 

for field deployment. Similarities with agricultural machine learning are noted only when they are directly relevant to an 

application in horticulture. Postharvest technologies can also be relevant to postharvest (for example, grading, storage, and 

market information that impact production decisions) (Kaur and Watson, 2024). It integrates published observations and 

methodological recommendations and conceptual proposals. This is relevant because an appealing evaluation framework is 

not itself proof that existing systems meet its requirements or reap benefits across the entire gamut of horticultural enterprises 

(Ibnat et al., 2026). 

The present manuscript is a research-grounded critical synthesis with a proposed bibliometric and systematic review 

protocol, rather than a completed original bibliometric investigation. Targeted searches identified relevant primary studies, 

but a complete database export, documented deduplication, independent screening, and formal study appraisal was not 

performed. These analyses will need to be completed before submission under an umbrella such as a completed bibliometric 

and systematic review. This methodological prerequisite shields the possibility of case narratives being reported as findings 

without having a standardized process in place and creating a transparent path from this to a reproducible research 
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contribution of a final manuscript where evidence is verifiable and conclusions are justifiably supported (Donthu et al., 

2021). 

2.2. Search Strategy and Evidence Selection 

A definitive search should combine multidisciplinary indexing with the use of agricultural and engineering databases that 

cover agronomic experiments and computer science contributions (Bramer et al., 2017). Search concepts should include 

horticultural commodities, artificial intelligence methods, precision management tasks, and production environments. Crop 

names are key because relevant papers may mention, for example, apple, tomato, cucumber, or grapevine without using 

horticulture. Validation terminology should not be required by searches, because it may accidentally omit studies with 

limited validation and distort the results of maturity level and technological readiness evaluations. The protocol should define 

coverage dates, languages, document types, and the final search date. Exact database queries and exported records should be 

captured in case another team later wishes to reconstruct the evidence base to assess the effects of different search strategies 

(Rethlefsen et al., 2021). 

Eligibility should be empirical studies involving identifiable horticultural crops and explicitly computational task, either 

about production or management. The cognitive discussion can be advanced with studies, but it must be avoided in 

quantitative summaries of demonstrated performance. Each paper should provide a record of coding that involves the crop, 

cultivar, production setting, geographic information, sensing modality, structuring of sample, model class, comparator, 

design for validation, and operational outcomes (Page et al., 2021). Records should be screened by independent reviewers 

and disagreements resolved by applying pre-established guidelines. Duplicate publication of the same results on multiple 

papers need be related, to avoid double-rater weighting. Reports should clearly state if a study was irrelevant in terms of 

many not reporting needed information or if key information was missing for discussion of that study. Missing 

methodological details should remain visible as uncertainty rather than being silently interpreted as evidence of adequate 

practice (Moons et al., 2025). 

 

3. BIBLIOMETRIC PERSPECTIVE: MAPPING ATTENTION AND EVIDENCE 

Published bibliometric work supplies context, but replaces that with its own definition not horticulture-specific corpus. In 

smart agriculture, a study of operations research and decision support in smart agriculture found 1,305 Scopus records from 

2000 to 2022 (Sahar et al., 2026). Its broad scope showcases the ability of mapping to connect algorithms with resource 

allocation and management patterns. However, its publication counts and thematic structure are not evidence of precision 

horticulture. Bibliometrics is a measure of the organisation of research for the proposed review, systematic appraisal is the 

standard to decide evidential strength Use of citation counts is a function of visibility, publication age and database coverage 

which affect its impact on agronomic effectivity. We can link every mapped paper with its validation design with the purpose 

of exploring not only its intellectual influence but also making it useful for practical validation (Yousaf et al., 2023; Marzi et 

al., 2025). 

Research visibility should also be monitored in relation to horticultural production diversity. More frequently studied crops 

should feature datasets, research infrastructure or market dynamics that can affect investment decisions. Few vegetables, 

tropical fruits, ornamentals and mixed production systems may need specialized sensing and management solutions (Shawon 

et al., 2026). Neither regional dominance nor crop imbalance can be measured without a specific corpus. Then, rather than 

so-called inherent assumptions, interpret the results through a bibliometric lens. Tying the country affiliation with the site of 

experimental validation is dangerous, since international collaborations could work with datasets from other sites. Having a 

record of both research origin and deployment setting would allow us to better understand whose production conditions are 

reflected in the evidence (Shawon et al., 2026). 

 

4. APPLICATION EVIDENCE: FROM CROP OBSERVATION TO INTERVENTION 

4.1. Sensing and Biological Interpretation 

Application areas also usually start with the computational task of converting heterogeneous observations into biologically 

relevant variables. Visible imagery can capture fruit appearance and canopy structure, whereas thermal and spectral 

measurements can add information regarding temperature, pigments, or water relations. Environmental sensors describe the 

conditions under which these observations are taken (Murphy et al., 2024). Integration is only possible when measurements 

are aligned in space, time, and biological scale. A leaf image, an orchard weather station and a satellite pixel are not 

associated to the same sampling unit. Models must account for information about measurement support and uncertainty. 

Otherwise, apparent gains from combining data may reflect coincidental correlations rather than an improved understanding 

of the plant processes relevant to management (Gao et al., 2024). 

4.2. Disease Recognition and Diagnostic Reliability 

Disease recognition illustrates both the promise and the limits of image classification. An influential Plant Village study 

reported 99.35% accuracy on held-out images from its controlled collection, but approximately 31% accuracy on two small 

external image sets. Those external sets were obtained from online sources and should not be described as prospective 

commercial field trials. Nevertheless, the contrast demonstrates how strongly performance can depend on image distribution 

(Jelali, 2024). Backgrounds, lighting, symptom presentation, and acquisition practices may change outside development data. 

The practical lesson is specific: success on a controlled benchmark establishes technical feasibility, while reliable field 

diagnosis requires evaluation against representative symptoms and confounding conditions encountered during actual 

scouting and subsequent advisory use (Moupojou et al., 2023). 
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Diagnostic usefulness also depends on permitted inferences of the model. The exact same type of discoloration may also be 

caused by pathogens, nutritional deficiency, water stress, chemical injury, or senescence. An image classifier trained on a 

closed list of diseases might label an unfamiliar condition with the most comparable disease known to it even when no 

diagnosis is appropriate (Shafay et al., 2025). Horticultural decision support systems should be designed to deal with 

uncertain, mixed, and unrecognised cases with escalation to specialist assessment or laboratory confirmation where 

appropriate. Rather a classification may influence disease severity, proportion of plants affected, phenological development 

stage, and weather suitability whether it is required for management or a categorical name alone. As such, evaluation should 

measure whether the system assists with scouting priorities and diagnostic workflows, without presupposing that visual 

recognition alone justifies treatment (George et al., 2025). 

 

 
Figure 2. Artificial Intelligence Framework for Image Processing and Disease Classification in Vegetable Crops 

 

Source- Jafar et al., 2024 

4.3. Fruit Detection and Yield Forecasting 

Fruit detection provides another important foundation, supporting inventory, maturity assessment, and robotic perception. 

Deep Fruits broke ground where deep neural detection methods were applied to fruit imagery, allowing us to move past 

trained features. Yet recognizing visible fruit remains distinct from estimating the entire crop (Pai et al., 2025). Cues such as 

occlusion, overlapping clusters, reflective surfaces, fruit colour and changing illumination can affect what cameras can 

capture. A model is suitable for clearly visible objects but may not work as well, when applied to dense commercial 

canopies. These studies should report on visibility conditions and the definition of a detectable target. In this way, growers 

and engineers can assess whether the success is merely common crop structure or if it was achieved using limited imaging 

settings that may not be easy to replicate (Hayat et al., 2026). 

Yield estimation must link visible detections to biologically complete and commercially relevant totals. Aerial imagery has 

been used for orchard research to combine detected apples with regression to correct for fruit lost to the camera. Video 

approaches also demand tracking to avoid over-counting the same fruit (Valente, 2022). These strategies highlight that yield 

prediction is conditional on assumptions about visibility, identity, fruit size, sampling coverage and mass conversion. Error 

assessment should be done on a management scale such as individual trees or harvest blocks, instead of simply image level. 

Forecast timing is of equal import: a quick estimation at least a week before the expected harvest may be of little or no use to 

people earlier making decisions on labour contracting, storage and market commitments that weeks in advance (Neupane et 

al., 2023). 

4.4. Irrigation and Nutrient Management 

Water management must move from the stress estimation approach to one that makes restricted irrigation decisions, defined 

by soil, roots, weather, and infrastructure. Thermal observations, soil moisture records, and plant samples can provide 

independent evidence, but they run orthogonal to spatial and temporal response processes. A warm canopy may represent 

variation in the atmospheric demand and water availability, and conversely, a soil sensor posts as limited volume of soil as 
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monitored (Nikolaou et al., 2020). Predictive model results should then be assessed against a range of scheduling options, 

including water balance techniques, sensor thresholds and established, reputable methods. Key metrics for field evaluation 

are applied water, marketable yield, fruit quality, and relevant carryover effects. Moreover, sensor-based irrigation resulting 

benefits cannot be automatically considered as artificial intelligence unless data-driven analytical contributions are isolated 

and validated (Bounajra et al., 2024). 

Nutrient management presents a related but distinct inference problem because visible or spectral symptoms are rarely 

specific to one nutrient. Leaf age, cultivar, water status, disease and illumination all can change the same optical indicators 

that are measured to estimate nutritional condition (Zhang et al., 2026). Systems used include plant observations, root-zone 

measurements, fertilizer history and appropriate tissue or solution analyses (Najdenko et al., 2024). In fertigation, 

recommendations will have to consider concentration, delivery volume, nutrient interactions, and drainage. After all, 

predicting leaf nitrogen levels does not answer whether a recommended fertilizer adjustment helps improve crop 

performance. Such validation should gain traction with intervention through nutrient use, yield, quality, and losses to the 

biosphere and environment. Such evaluation is a way to distinguish information gained through monitoring from 

agronomically controlled nutritional supply over time (Polder et al., 2024). 

4.5. Autonomous Greenhouse Management 

Protected cultivation offers unusual and abundant opportunities to assay the complete sensing-to-action pathway in terms of 

environmental control and production outcomes concurrently (Adabara et al., 2026). In an autonomous greenhouse 

experiment, five teams remotely managed cucumber crops in separate compartments over four months, with performance 

compared against a manually managed reference. One team exceeded that reference, demonstrating that algorithm-guided 

control can deliver measurable production value under specified conditions (Hemming et al., 2019). It does not mean these 

are all better than other ways of running greenhouses or climates. The relevance is telling operational management rather 

than single predictions. You have to pay attention to the various forces on these experiments: compartment replication, 

shared infrastructure, human interventions, how this works up until your same process outcompetes when confronting the 

different biological and economic conditions (Elings et al., 2019). 

Autonomous greenhouse work on dwarf tomato extended experimentation to a crop setup with different growth and 

management characteristics. It’s great evidence that autonomous farming research is broader than most will realise. But a 

different approach may have to be taken when you get around to testing the same approach on cucumber instead of tomato. 

Controllers may need to be redesigned, retrained, or provided with other crop parameters. The true transfer test then is to find 

out what components are constant, and what ones you will need more information about. Greenhouse trials should also 

include data on manual crop work and an automated climate control, as environmental autonomy does not imply full labour 

autonomy. This is important for identifying the limitations of the demonstrated capabilities and the still required steps 

towards fully autonomous production (Maree et al., 2025). 

4.6. Robotic Harvesting and Marketable Quality 

Robotic harvesting exposes the consequences of errors that image benchmarks cannot reflect (Gong et al., 2022). A robot 

must find a target, estimate its pose, get to it without hitting anything, detach it well and then relocate it in a not too 

damaging manner. In a commercial greenhouse study of sweet pepper harvesting, success was significantly improved 

through simplification of crop conditions, highlighting the importance of physical accessibility in addition to perception 

(Lehnert et al., 2020). Results such as these support viewing crop structure and machine design as interacting parts of the 

production system. Evaluations of harvesting must include failed attempts, surplus/overripe produce, cycle time, 

interruptions, operator assistance. High-performance detector cannot keep up with non-robust detachment or long handling 

times, especially when fruit value is influenced by factors such as appearance and hardness due to post-harvest spoilage 

(Arad et al., 2020). 

Quality assessment links production decisions to what buyers actually value. The models employ imaging and associated 

measurements to estimate size, colour, surface defects, firmness or soluble solids; however, the biological meaning of each 

particular target is different. External appearance is sometimes directly observed, but internal quality is usually associated 

with destructive or instrumented measurements through calibration (Chuquimarca et al., 2024). Destination, transport 

duration, storage conditions, and cultivar-specific maturity relationships should be considered in the recommendations for 

harvest. A grading model trained based on one commercial standard may not be appropriate for another market. Therefore, it 

is essential to describe how predictions affect product volume and value based on misclassification costs. This broader view 

helps prevent economically-important errors in premium classes or sensitive market segments from going unnoticed under an 

overall high grading accuracy metric (Akter et al., 2024). 

 

5. FIELD VALIDATION: ESTABLISHING CREDIBLE PRODUCTION EVIDENCE 

5.1. Matching Claims to Validation Design 

Field evidence may be seen as a trail moving from retrospective datasets to prospective operational testing. The first stage of 

a model is that a model, you might give it stolen data, as long as you rate it as treated or untreated, it might not be an 

independent production data. In later stages are external farms or seasons, real-time use, and comparison of management 

outcomes (Ruder et al., 2026). Models are successively more mature with the following systematic steps to determine 

evidence maturity, but it does not signal that every project needs to try to get fully autonomous. Their careful use as a 

scouting aid may find use in a narrow sense. The only requirement is the stated capability meets evaluation. Authors must 

report whether they provide evidence of recognition, prediction, recommendation, intervention, or realized production benefit 
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in a specifically defined operating context (Amodio et al., 2026). 

Data leakage is a major threat whenever observations share plants, locations, acquisition sessions, or temporal sequences. A 

model can encounter very similar scenes in the development and evaluation phases when nearby video frames are randomly 

used as training and testing examples. Similar problems can also be encountered when repeated recordings from one tree 

appear in both sets (Chansanam et al., 2026). Consequently, the number of images can overstate the true span of the 

experiment. Thus, splitting should follow its intended final product with either plant, block, farm, season or region as the 

boundaries for separation. The pre-processing, feature selection and hyperparameter tuning must also remain within 

development data. These protections are designed to ensure that the reported performance is a better estimate of how the 

model will perform on future data as opposed to when the dataset was assembled (Kapoor and Narayanan, 2023). 

5.2. External Validity and Measurement Quality 

External validation needs to disrupt the factors most likely to hamper submission. While testing on another season tests 

temporal stability, another farm brings management, soils, equipment and local climate differences. Neither alone establishes 

robustness to all relevant changes. Study designs should report what changed and what stayed the same, providing 

information about the sample transfer difficulty (Ahmad et al., 2023). When sample sizes allow, performance should be 

disaggregated across cultivar, growth stage, disease incidence, canopy density, and environmental context. It is more useful 

to show how much of the outcome deviates from the expected value, instead of only reporting an overall average. Confidence 

intervals should capture effects of clustered sampling, data from the same farm or production cycle is not the same as 

independent replications across environments (Wang et al., 2023). 

Ground truth needs the same scrutiny because a model can't be evaluated more accurately than its reference measurements 

allow. Labels that rely on clinical judgment alone may be more interpretative, while harvest counts are prone to 

underestimation of fruit hidden or losses that happen after imaging. Water stress measurements vary depending on timing and 

biophysical context. Annotation procedures should assess the expertise, instruments, time, disagreement and precision of 

measurement. If the target is unknown, it should be treated as uncertain uncertainty, instead of a confirmed measurement 

represented by a bin. Appropriate evaluation metrics are essential as the measures of detection, counting, predicting, and the 

success of an intervention are different. When studies use the same word, accuracy for outcomes with incompatible 

definitions, denominators and practical implications for growers (Farjon and Edan, 2024). 

5.3. Comparators and Agronomic Outcomes 

Demonstrating agronomic benefit requires comparison to realistic alternatives rather than poorly designed baselines. An 

apple orchard case study comparing detection and counting methods found a slightly supervised approach produced better 

detection in all of but a few tested datasets, but deep learning did better in counting. Such task dependent result challenges 

one model family to outperform all others in an entire workflow (Johanson et al., 2024). Prospective management 

experiments should similarly compare systems with experienced growers, established advisory rules, or simpler statistical 

methods. Randomized blocks, matched sites, or phased implementation separates intervention effects from environmental 

differences. Outcomes should incorporate marketable production, quality, resource consumption, labour, and unintended 

consequences. This comparison must isolate the contribution reasonably attributable to a proposed decision process under 

realistic production conditions (Johanson et al., 2024). 

 

6. CROSS-CROP GENERALIZABILITY: WHAT ACTUALLY TRANSFERS 

6.1. Defining Transfer Beyond Software Reuse 

Cross-crop generalizability must be defined more carefully than reuse of a software architecture. Training the same neural 

network for several crops separately just shows one can port methods, but it does not always mean learned knowledge can be 

transferred. Transfer can occur via frozen features, fine tuning, shared training, or adaptation by using target-crop 

observations. These approaches differ in data needs and should be reported separately (Tunio et al., 2024). A strong claim 

provides the source crop, target crop, available target information, unchanged model components, and achieved performance. 

The critical question is whether prior learning actually makes this task more or easier. Without this evaluation, plausible 

broad applications may hide repeated collection of data and rejection of algorithms for application to a range of horticultural 

production systems (Hossen et al., 2025). 

Biological differences explain why transfer may work for some but not others components. Visual features describing edges 

or textures may be useful across crops, while relationships between canopy temperature and irrigation need depend on 

physiology and growing conditions. Fruit detection must accommodate differences in size, clustering, pigmentation, and 

background similarity. Harvesting stages also vary according to each crop’s maturity characteristics and market demands 

(Miranda et al., 2023). Models need to separate broadly useful representations from task-specific biological relationships. 

Only visual or botanical similarity is not enough to predict, which crops are similar two crops. A predictive hypothesis 

considers the underlying similarities (common mechanisms or common observables) and then evaluates stability when the 

new crop has new form, new management, and different environmental responses (Johri et al., 2024). 

6.2. Evaluation Designs and Adaptation Costs 

Leave-one-crop-out evaluation presents a relevant design for testing generalization beyond the crops represented. A model is 

trained on several crops and evaluated on a held-out crop, and the process move across relevant targets with repeats. 

However, this might result in varied results based on how the target labels and task definitions align. A disease category 

appearing only in the withheld crop, whereas recognizing a common symptom on a novel host represents a separate 

challenge (Fuentes et al., 2021). Consequently, benchmarks should differentiate between tasks common to all crops and truly 
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novel ones. They should also keep target-crop clues out of model selection. Combined measuring overall performance after 

transferring and the weakest target helps identify if overarching assertions rely on a handful of relatively easy transfers while 

leaving the approach most insipid in addressing any commercially significant crops (Fu et al., 2025). 

Domain adaptation research has examined movement from controlled plant imagery to more complex disease images, 

including prior work working on uncertainty regularization and cross species representation. These experiments address a 

pertinent transfer issue; however, the predictive benchmark improvement is separate from prospective advisory gain. 

Transfer learning should be compared to training from scratch and reasonably equivalent local alternatives using target 

information (Xiang et al., 2026). Include consideration of labelling effort, computational cost, and adaptation time in the 

evaluation. Abstaining from using labelled target data has to be indicated, because it changes the feel of deployment. 

Arbitrary application of cross-domain modelling may lead to negative transfer if source relationships are inappropriate. 

Reporting unfavourable combinations helps establish operating boundaries and prevents selected successful transfers from 

being interpreted as universal portability across horticultural crops and production environments (Tunio et al., 2024). 

6.3. Foundation Models and Biological Constraints 

Self-supervised learning and foundation models have the potential to create general representations from many horticultural 

observations. By learning something useful before learning the full structure in task-specific annotation, they hold potential 

to improve situations in which labelled examples are difficult to come by with crop competence and evaluation data 

independence not depending on the model’s size and the overall pretraining. Studies should provide all available information 

about sources of pretraining and assess the risk that benchmarks come from the public domain (Al Nahian et al., 2025). 

Multimodal systems require separate checks for image understanding, numerical reasoning, and text generation. A fluent 

explanation of a crop problem can appear convincing despite an incorrect diagnosis. Evaluation must therefore focus on 

grounded task performance, calibrated uncertainty, and verifiable recommendations rather than the apparent sophistication of 

the interface (Carneiro et al., 2025). 

Process-informed models, integrating learned relationships with constraints derived from crop and environmental studies, 

enhance transfer. Water balance, energy exchange, growth dynamics, and nutrient cycling can inhibit implausible 

predictions. Still, mechanistic components are not automatically correct outside their calibration regime. Crop parameters, 

boundary conditions, and structural assumptions may still need to be tuned (Fasciolo et al., 2025). Hybrid approaches should 

be assessed against their separate components to determine whether integration brings robustness or merely added 

complexity. The most useful adaptation is the interpretable adoption: researchers must know what parameters have changed 

between crops and why. This enables the rationalization of transfer claims, making them more biologically plausible and 

signals the additional observations needed before uses in other production systems (Aderele et al., 2025). 

 

7. DECISION-SUPPORT READINESS: TURNING INFORMATION INTO ACTION 

7.1. Decision Definition and Uncertainty 

Decision-support readiness begins with the precise definition of the decision to be supported. Identifying the user, action, 

spatial unit, timing, objective, and constraints first, before model selection, is what makes a system sound. An irrigation 

recommendation, for instance, must tell the user the amount and timing appropriate for the user equipment and crop 

development stage (Conde et al., 2024). A disease alert must indicate whether to inspect, sample, monitor, or consider 

intervention. The probability in raw form and it is a colour map might be useful information, but it is not a recommendation. 

Agronomic rules, economics and operations factor into the transition from prediction to action. This direct assessment tells us 

if better predictive performance actually makes changes in management that get understood, can be practiced and ultimately 

are useful for the user (Silvestri et al., 2025). 

Uncertainty should influence the recommended action rather than appear only as a technical appendix. Prediction intervals, 

calibrated probabilities, and unfamiliar-input detection can help distinguish dependable recommendations from situations 

requiring additional observation (Agarwal et al., 2026). Their usefulness depends on whether uncertainty estimates remain 

informative under changing production conditions. A system may reasonably advise resampling when measurements conflict 

or defer to a grower when the crop lies outside its validated scope. Decision thresholds should reflect asymmetric 

consequences: missing an emerging outbreak may be more costly than requesting an unnecessary inspection, while 

unnecessary treatment can create other losses. Readiness therefore requires testing the complete uncertainty response, 

including abstention and escalation, against the costs and opportunities associated with actual management decisions (Farag 

et al., 2025). 

7.2. Causal Reasoning and Readiness Assessment 

Recommendations require evidence of reactions to action, not just evidence of association in past records. A model can 

discover that those blocks that went through heavy irrigation produce more yield because they are simply different soils and 

are managed better. This doesn't provide the benefit of having added water somewhere else. Prescriptive systems should 

differentiate forecasting in current practices from predicting outcomes under alternative interventions (Tanaka et al., 2024). 

This distinction may be aided with controlled experiments; ensure causal bases are met and validated process models. Similar 

worries are around reinforcement learning because it is more likely that in a learning environment the policy being sought 

may be optimized for unrealistic assumptions. Candidate policies should be checked for biological feasibility, constraint 

compliance, and performance in conditions that depart from the conditions used to develop or tune the simulation 

(Henningsen et al., 2026). 

A readiness framework can synthesize evidence across data quality, capture of external validity, agronomic relevance, 
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operational reliability, economic value and governance. It should be a structured assessment though not a fruitlessly 

providing a numerical ranking. Capability. It may not be fit to autonomous operations, even if scoring high on prediction if it 

cannot detect sensor failure or respects equipment limits (Farajpour, 2026). Other requirements are tailored to failure mode 

and high-impact trades of control fit. Evidence on advisory scouting and automated fertigation should verify against different 

evidence thresholds. Strengths, gaps, and what comes next can be mapped across readiness profiles. This strategy allows the 

scaling decisions to be appropriate in the context, but be wary of the false precision of attempting to combine heterogeneous 

indicators into one universal maturity score (Ara et al., 2021). 

 

Table 1. Framework for Evaluating AI Readiness in Precision Horticulture 

 

Evaluation 

dimension 

Key criteria Validation 

approach 

Readiness indicators References 

Data quality Crop diversity, 

annotation accuracy 

Assess data sources, 

sampling and labels 

Representative, reliable 

datasets 

Carraro et al., 2025; 

Mahin et al., 2025 

Field 

validation 

Environmental and 

production variability 

Test across farms 

and seasons 

Consistent field 

performance 

Meyer & Pebesma 

(2022) 

Cross-crop 

transfer 

Species and cultivar 

adaptability 

Test on unseen 

crops and 

environments 

Effective transfer with 

documented adaptation 

requirements 

Hu et al. (2025); Yang 

et al. (2024) 

Predictive 

reliability 

Data leakage, 

uncertainty, prediction 

errors 

Independent testing 

and probability 

calibration 

Reliable, uncertainty-

aware predictions 

Shrivastava et al. 

(2026); Bernett et al. 

(2024); Guo et al. 

(2017) 

Decision 

support 

Actionable agronomic 

recommendations 

Compare AI with 

conventional 

management 

Improved yield, resource 

efficiency and 

profitability 

Cao et al. (2022); 

Hemming et al. (2020); 

van Laatum et al. 

(2026) 

Operational 

readiness 

Connectivity, sensor 

reliability, fault 

recovery 

Test under realistic 

disruptions 

Reliable operation with 

human oversight 

Nyeki (2026); Bayar et 

al. (2025) 

Responsible 

deployment 

Costs, adoption, 

accountability 

Assess economics, 

usability and 

governance 

Sustainable, trustworthy 

adoption 

Duncan et al. (2026); 

Kroupova et al. (2025); 

Yeo & Keske (2024) 

7.3. Infrastructure and Explainability 

Operational reliability and explainability are essential for the effective deployment of artificial intelligence in precision 

horticulture. System performance depends on reliable sensor calibration, data transmission, storage, processing, and actuator 

communication, as interruptions or outdated measurements can compromise prediction accuracy and management decisions. 

Edge computing may improve responsiveness and reduce connectivity dependence, while cloud computing supports 

centralized analysis and model updates (Nsoh et al., 2024). Systems should therefore be evaluated under realistic operational 

disruptions, incorporating fault detection, recovery mechanisms, and manual controls to minimize risks associated with 

irrigation, climate regulation, and automated machinery (Shekarian et al., 2024). Explainable AI further supports informed 

decision-making by clarifying the relationships among observations, model assumptions, uncertainty, and recommended 

actions. Explanations should distinguish measured from inferred information and remain understandable to users with 

different levels of technical expertise. Ultimately, usability evaluations should determine whether explanations improve 

understanding, appropriate trust, error detection, and practical decision-making rather than merely increasing visual 

complexity (Pai et al., 2025). 

 

8. ADOPTION, SUSTAINABILITY AND RESPONSIBLE DEPLOYMENT 

8.1. Economic and Environmental Performance 

Economic evaluation should consider the full cost of keeping a system fit for further production cycles. Purchasing the 

hardware is just one component, and installation, connectivity, calibration, subscriptions, labelling, fixing, training and 

downtime may have a significant effect on profits (Charlton et al., 2025). Often lead to optimised appearance, less input, 

more synchronised harvested, or avoidance of losses but do not double count benefits. Sensitivity analysis is required 

because crop prices, labour costs and utilization rates differ across enterprises. A technology that is profitable in a large 

greenhouse can be a non-starter for a small seasonal vegetable operation. Reporting break-even conditions and the 

distribution of returns is of greater value than reporting one payback metric built on a single set of high utilisation rates with 

high levels of annual use (Vargas et al., 2024). 

Environmental performance has to be evaluated in isolation from financial return and technical merit. It might be possible to 

use less irrigation water per hectare, but if production is expanded the total water use may not be less, and lower fertilizer 

application may influence yield or move losses elsewhere. Moving resources towards more relevant outcomes: Resource use 

intensity of a single unit of marketable product (Kumar et al., 2024). Where they influence the choice they matter, whether its 
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energy needed for sensing, calculation, lighting, or climate control. Clear evaluation boundaries must be provided to avoid 

enhancing performance artificially through the omission of upstream or downstream burdens. Precision management offers 

opportunities for environmental benefit, but those benefits should be measured under the actual production strategy rather 

than assumed from the presence of intelligent technology (Ruder et al., 2026). 

8.2. Grower Participation and Data Governance 

The responsible integration of artificial intelligence in horticulture requires human-centred approaches and robust data 

governance. Farmers must balance technological recommendations with practical constraints involving labour availability, 

equipment, market conditions, and farm operations. Participatory design, user training, accessible interfaces, and reliable 

connectivity can enhance technology adoption while preserving farmers’ decision-making autonomy (Boucher et al., 2024). 

Effective data governance should safeguard commercially sensitive production information through clearly defined 

agreements on data ownership, access, usage, security, and accountability. Although federated learning may reduce 

centralized data sharing, challenges related to privacy, interoperability, and data protection remain. Standardized data formats 

and clearly established responsibilities among growers, advisers, technology providers, and developers are essential for 

building transparent and trustworthy systems. Ultimately, successful implementation should prioritize informed decision-

making, farmer autonomy, and measurable practical benefits rather than unquestioning reliance on algorithmic 

recommendations (Rouzky et al., 2025). 

8.3. Maintaining Reliability After Deployment 

Post-deployment monitoring is necessary because production systems and software both changes. New cultivars, altered 

pruning, sensor replacement, unusual weather, or revised market grades can reduce performance without an obvious 

equipment failure. Monitoring should discriminate changes in input distributions from known degradation in predictivity or 

decision quality (Hinder et al., 2024). Periodic ground truth collection is still required, because drift indicators cannot 

indicate error magnitude or direction. Model updates must be versioned and verified prior to implementation of changes in an 

operational system. The ability to provide audit and learning feedback on the historical recommendations and relevant inputs 

should also be maintained. Thus, deployment is a process of continual revalidation with defined responsibilities for 

maintenance, retraining, and decommissioning once performance is no longer sufficient for the intended use of the system 

(Amodio et al., 2026). 

 

9. RESEARCH PRIORITIES AND EVIDENCE-SYNTHESIS REQUIREMENTS 

A priority research agenda would be to involve coordinated experiments between crops, farms, seasons, and management 

conditions made using a common outcome definition. Rather than just increasing the number of images, partnerships can 

gather the contextual information needed to explain what leads to success or failure.  Benchmarks with more realistic missing 

data, hard-to-see, and unusual conditions and management-action tasks (Weyler et al., 2024). Transfer evaluations should 

reveal what the target is and how costly it is to adapt, while prospective trials should appraise the recommendations against 

good practice. Reproducibility would be enhanced if open protocols, code, wherever possible, and carefully curated datasets 

were provided. Publishing shaky transfers and operational failures as well, because that is what you learn from in terms of 

when to deploy. Such infrastructure would make subsequent reviews more actionable, sidestepping duplicate experiments 

that don’t address practice uncertainty (Krisnawijaya et al., 2025). 

Evidence synthesis should preserve differences among applications instead of pooling incompatible performance metrics. 

Classification accuracy, fruit-count error, irrigation savings, and harvest success describe different outcomes and cannot form 

a meaningful universal effect estimate. Meta-analysis should be attempted only where tasks, comparators, measurement 

units, and study designs are sufficiently compatible. Otherwise, structured narrative synthesis and evidence maps can show 

where conclusions are supported and where uncertainty remains. Risk-of-bias judgments should consider sampling, leakage, 

reference quality, missing outcomes, comparator choice, and selective reporting. Sensitivity analyses should test whether 

conclusions change when weak or potentially duplicated studies are excluded. This approach gives more weight to credible 

design and relevant outcomes than to impressive numbers reported without adequate methodological context (Deeks et al., 

2019). 

 

10. INTERPRETATION AND LIMITATIONS 

The evidence considered here shows a conditional interpretation of progress. Artificial intelligence shows a lot of potential in 

horticultural perception and a few on limited controlled production testing, but against this artificial intelligence has not yet 

overcome all the limitations presented by incongruent imagery, trial cropping architecture, and context of deployment (these 

examples show a lack of validation throughout the literature as the systematic corpus across the literature has not yet been 

aggregated (Bac et al., 2017)). The same concern goes for unanswered questions about research leadership, phase of 

publication maturity and cross-crop transfer rates from simply wanting from queries alone. The review thus represents an 

analytical rigour and the specification of research grounded translation needs. Training on the suggested database and 

evaluation of the claims would pave the way for these hypotheses to be empirically evaluated with a tangible, replicable 

evidence-base (Kapoor and Narayanan, 2023). 

 

11. CONCLUSION 

The transition from prediction to practice will demand the proper balance between computational ambition, biological 

diversity, and operational responsibility. Field validation must establish performance under the conditions where decisions 
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are made; cross-crop evaluation must reveal what transfers and what requires adaptation; and readiness assessment must 

connect recommendations with feasible actions and measurable consequences. No single framework can do all of the above. 

The best systems will pair math and data with realistic agriculture, explicit uncertainty, robust infrastructure, and experienced 

people behind them. What a similar standard means for research and publishing is obvious: separate what was demonstrated 

and what has been proposed, be transparent about limitations, and count progress when management practices objectively 

improve in a way that is justifiable and within the intended scope of use. 
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